This article presents a study that compares detected structural communities in a coauthorship network to the socioacademic characteristics of the scholars that compose the network. The coauthorship network was created from the bibliographic record of an overt interdisciplinary research group focused on sensor networks and wireless communication. The popular leading eigenvector community detection algorithm was employed to assign a structural community to each scholar in the network. Socioacademic characteristics were gathered from the scholars and include such information as their academic department, academic affiliation, country of origin, and academic position. A Pearson's χ 2 test, with a simulated Monte Carlo, revealed that structural communities best represent groupings of individuals working in the same academic department and at the same institution. A generalization of this result indicates that, contrary to the common conception of a multi-institutional interdisciplinary research group, collaboration is primarily driven by scholar expertise and physical proximity.
Introduction
Scholarly and research environments have progressively become more diversified and interdisciplinary in nature. In interdisciplinary research groups, scholars with different research interests and backgrounds collaborate on different topics and reconcile their research work into joint endeavors (Qin, Lancaster, & Allen, 1997) . This type of interaction is generally seen as being driven by the need for a cross-fertilization of ideas when collaborating on topics that bridge across disciplines (Niles, 1975; Beaver & Rosen, 1978) . The mutual, direct engagement among previously uncorrelated research topics has advantages not only for the researchers, that are able to draw from a wider, diverse intellectual environment, but also for the nature of research performed, that is circulated, validated and enriched by contact with new research and social circles (Pierce, 1999) . The degree to which collaboration activities and interdisciplinary work are carried out depends very much on the research practices existing within a particular domain. It is widely known, for example, that scholars in the hard sciences tend to collaborate and co-author work more prominently than scholars in the arts and humanities (Moody, 2004 ). Yet, even the most collaborative and (apparently) multidisciplinary domains of science have often reported to be, in fact, "monodisciplinary" (Schummer, 2004) .
Besides being influenced by the policies and research practices of academic domains, collaboration is, necessarily, a socially constructed activity. The social, academic and demographic characteristics of scholars and communities of scholars have the potential to considerably affect collaboration patterns. Physical proximity (Katz, 1994) , academic interests (Havemann, Heinz, & Kretschmer, 2006) and social background (McPherson, Smith-Lovin, & Cook, 2001 ) are examples of characteristics that have been reported to shape the way by which individuals collaborate in a research environment. The relationships that tie different individuals into communities might be explicit or implicit. For example, in a scholarly population, every individual may be apart of various social, demographic, and academic communities. Besides explicit collaboration ties, individuals in a population might be related to one another according to implicit ties. Implicit communities can only be exposed by analyzing specific characteristics of the network via community detection algorithms. The communities identified by such algorithms are called structural communities as they are communities that are made salient solely by the topological characteristics of the network being analyzed. Community detection algorithms have been previously applied to social networks to uncover the relationship between nationality and collaboration (Lozano, Duch, & Arenas, 2007) , latent communities in large organizations (Tyler, Wilkinson, & Huberman, 2003) , political and organizational structures (Porter, Mucha, Newman, & Friend, 2007) , and to identify communities in networks of collaborating musicians (Gleiser & Danon, 2003; Smith, 2006) .
The study presented in this article is focused on understanding the degree of interdisciplinary collaboration in a research center focused on the study of sensor networks and wireless communication. Structural communities of collaboration are identified by analysis of scholars' coauthorship activity. Explicit communities are delineated via scholars' social and academic characteristics (i.e. socioacademic characteristics). The hypothesis of this article is that, in a multi-institutional interdisciplinary research group, the socioacademic characteristics of the scholars should be statistically independent of the identified structural communities in their coauthorship network. In other words, it is expected that the structural communities of this research group are made up of a varied assortment of scholars from various institutions (academic affiliations), backgrounds (academic departments), cultures (countries of origin), and degrees of experience (academic positions). In order to test the hypothesis of this article, the analysis presented combines Newman's leading eigenvector community detection algorithm (Newman, 2006 ) and Pearson's χ 2 test for statistical independence (Sheskin, 2004) to determine if the latent structural communities in the research group's coauthorship network are dependent (or independent) of the various socioacademic characteristics of the scholars.
An Interdisciplinary Research Group
Community structure and many other social network indices are largely based on the topology of the network, rather than specific social, demographic or academic characteristics of the individuals in the network (i.e. socioacademic characteristics). In the interdisciplinary research group analyzed in this study, scholars from different institutions and departments collaborated together to produce jointly coauthored papers, books and conference proceedings. Community detection algorithms are useful at capturing the structural communities of the resulting coauthorship network. However, as coauthorship networks are essentially made up of scholars, the various socioacademic characteristics of these scholars can be considered parallel, explicit communities. Note that it is not necessary that these various structural and socioacademic communities overlap. For example, two scholars might be members of the same structural community in a coauthorship network, but have different academic affiliations and thus, be members of different institutional communities. However, when two communities do overlap in a non-random manner, much can be said about the semantics of the latent structural community. Before discussing the relationship between structural and socioacademic communities, this section will review the various types of communities present in the research group under study.
Socioacademic communities
The coauthorship network employed in this study was constructed from 560 manuscripts (379 conference proceedings, 163 journal articles, 17 book chapters and 1 book) published over a ten year period (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) by scholars in the field of sensor networks and wireless communication. Only those bibliographic artifacts were considered that have at least one of the authors in the multi-institutional interdisciplinary sensor network research group under study. Ultimately, the generated coauthorship network contained 291 vertices (scholars) and 2536 edges (coauthoring events). For every scholar in the network, details about the following socioacademic characteristics were gathered: academic department, academic affiliation, country of origin, and academic position. Table 1 presents the frequency distribution of the values for the aforementioned socioacademic characteristics.
Structural communities
The coauthorship network studied here represents scholarly collaboration patterns as identified by coauthorship. The coauthorship network is diagrammed in Figure 1 according to the Fruchterman-Reingold network layout algorithm (Fruchterman & Reingold, 1991 Using the popular leading eigenvector community detection algorithm (Newman, 2006) , the coauthorship network was deconstructed into 27 structural communities. The leading eigenvector algorithm assigned a membership value to each scholar in the coauthorship network. Note that the membership value is a nominal value identifying distinction, not relative similarity between identified communities. Thus, scholars that are in the same structural community are given the same membership value. With respect to Figure 1 , the membership value is identified by a unique color. The diameter of the vertices in the figure represents the weighted eigenvector centrality score of the vertices, where more central vertices have larger diameters (Bonacich, 1987) . Finally, note that the community highlighted in the lower right portion of the figure is further analyzed in the next section. Fundamental network statistics are presented in Table 2 . The coauthorship network is found to be highly connected, with five connected components (distinctly separated subnetworks) with the vast majority of the vertices being within the largest component (280 out of a total of 291 vertices). This means that besides the four separate components, the interdisciplinary research group studied here is perceived, as a whole, as a single coauthoring community.
In this network, like most natural networks, there are few highly connected vertices and many lowly connected vertices. This is further made salient by the eigenvector centrality scores represented by the diameter of the vertices in Figure 1 . The clustering coefficient value found for the coauthorship network presented here (0.33) is similar to that found in the coauthorship networks in the field of mathematics (0.34), but much lower to what is generally found in the physical sciences and biology (Newman, 2003) . This suggests less-cliquish, sparse collaboration patterns among scholars and is perhaps indicative of an interdisciplinary community that is more fragmented in their research agenda. Table 2 : A summary of some fundamental statistics for the coauthorship network under study.
Results
The hypothesis of this study is that given a collection of scholars with a heterogeneous set of socioacademic characteristics, the interdisciplinary group at the macro-and microlevel should be "diverse". At the macro-level, this is nearly self-evident from a review of the socioacademic characteristics of the various scholars that compose the interdisciplinary group. However, at the micro-level, when looking at structural communities in the coauthorship network, is there as much diversity as one would expect from an interdisciplinary research group? Of course, diversity is dependent upon the socioacademic characteristics under consideration. Given that the analyzed research group is multi-institutional and interdisciplinary, it is hypothesized that the micro-structure of the coauthorship network would reveal a diversity of institutions (academic affiliations), expertise (academic depart-ments), cultures (countries of origin), and experience (academic positions). In other words, the socioacademic characteristics of the scholars should be independent of the community structure of the coauthorship network.
In order to test for independence between structural and socioacademic communities, a Pearson's χ 2 (i.e. chi-squared) analysis was conducted. For each of the four socioacademic characteristics a contingency table was created. In each of these tables, the x-axis elements represent a distinct community membership value as identified by the leading eigenvector community detection algorithm and the y-axis represents each distinct value for a particular socioacademic characteristic. Cell values in each contingency table identifies the number of observed occurrences of an x/y relationship. The four contingency tables were then subjected to a Pearson's χ 2 test with a simulated Monte Carlo to determine whether each socioacademic property was dependent or independent of the assigned community membership value. The results of the χ 2 test for each socioacademic characteristic are presented in Table 3 , where the p-value denotes the probability that an association is random (i.e. a p-value greater than 0.05 is generally considered statistically independent). The p-values for the different socioacademic characteristics demonstrate that both the department and affiliation of a scholar are dependent on the identified structural community of the scholar. However, on the other side of the spectrum, the academic position and country of origin of a scholar are independent of the identified structural community of the scholar. Thus, the hypothesis of this article does not hold for academic department and affiliation.
It is important to note that the dataset under study lacks socioacademic values for some of the individuals; the number of null values for each socioacademic characteristic, along with their percentage of the total counts, are also displayed in Table 3 . The absence of characteristic values, coupled with the size and configuration of the network, resulted in some of the contingency tables being sparsely populated (i.e. having low expected values). Table sparseness is a cause of concern for the validity of the χ 2 test for independence. In order to remedy this situation, a Monte Carlo exact test was conducted. This method has received wide recognition in specialized literature as a solution to table sparseness (Agresti, 1992 Figure 2 presents an anecdotal example of the aforementioned finding. In Figure  2 , a specific structural community is presented. The four socioacademic properties of the scholars have been identified and annotated: department, affiliation, country of origin, and academic position. Returning to the χ 2 results in Table 3 , one would expect to see department and affiliation to match closely to the membership community, and country of origin and academic position to be random. This prediction is confirmed exactly in the visual investigation of the specific community presented in Figure 2 . Figure 2a indicates the academic departments of the scholars in the community: these are almost entirely scholars in computer science, with the exception of two electrical engineers. Academic affiliation is more variegated (Figure 2b ) with three different scholars in the community belonging to three different institutions, yet all other scholars are from UCLA. The other two views of the same community (Figures 2c and 2d ) present more fragmented scenarios: scholars come from five different countries and six different academic ranks. This analysis has demonstrated that the community structure of the interdisciplinary coauthorship network under study successfully captures specific existing social, academic and demographic characteristics of individual scholars: academic department and affiliation. This is contrary to the hypothesis of this study. Furthermore, it is concluded that these characteristics are the primary factors driving collaboration in this interdisciplinary research group.
Conclusion
The analysis presented in this article compared communities identified by the leading eigenvector community detection algorithm and communities made explicit in the socioacademic profile of the individuals. The communities detected and the socioacademic communities of the individuals were compared using a Pearson's χ 2 test with a simulated Monte Carlo. The results demonstrate that detected structural communities represent, very closely, individuals collaborating in the same academic department and affiliation. A scholar's country of origin and academic position were found to be statistically independent of the identified structural communities.
These results indicate that the structural communities of the coauthorship network studied captures, very well, groupings of individuals characterized by similar scholarly expertise and physical proximity. In a similar research group, this finding might be useful when predicting the expertise and proximity of scholars in coauthorship networks when socioacademic information is scarce. Furthermore, such an analysis may be found important in public policy decisions. For example, in the work presented, the comparison of structural communities and socioacademic communities elicits conclusions regarding the "interdisciplinarity" of the research group that are contrary to common perception. The common, stereotypical perception of an interdisciplinary community is that scholars from various domains of expertise collaborate towards a common goal. The results presented, however, reveal that most of the coauthorship activity appears within communities of scholars related by the same area of expertise (department) and within the same institution (affiliation).
